Plas B 5 BT e
Syllabus
ffi—F  dbRUR AL E R R T

WA BRI

RUTRPEHE SR Iz A Ak HEEL JENZR. RIBUER SACEIT, RIESEPRILR T 5 A
SRR, DR B A0 B AT A Sk A SRR B S e, A BRSO BN — NI AT [
BRI, RBMELSDREAT T

Plas2 2B AR S B bl — P 10, e R R A g MU FfE e iR . i
[l 2A P Ay B R — P A RO I, RN AIREAR . AU KA. BEENLER 25 HEBRM SE A 4
P RS A, BT RS KK 68 224k

ZH5ER: @UASMRID. 2%, Boa o iibles s oI 56al, o a il v a8, wHeTERL
SR RS ML R IR O, A MR R R U 54T

LR L Y R 515 SRR 2L 140 3 IO A0 N Wasserstein 2 [a] . KBS RAE R
A, WiRg S, BECEEANERN G T 15 FHRE > WIIZREN 152 5 W EHLEI H A, Rk
WSS SR RO RAS IR, Hlasss > BERAENIEREA, MR H S I oMk
Eat2 i Ath sy i

S

THIRSCRIUBEE S, FURR 1T R SRR S . LR 2 FR EE S TRk ST
HOCHR, EFEE AR, SRS BRI AR BN 3 Ue SO MR AT B P 8
s BRISEANHE S AR S AR Y, S AU I AR SCHR 5 B AR

et L FE 58— A WA O BIE TE DAL 2, S U A SR IR % S AN TAR IR &R . VORI E =R i
3, IR 2 TR ORE ST B A A] AR GRS J LR i o 100 20 S8 SO 5 TRl
» HERE—FRIAVEE . RS, AT ARG 4SS BIE W A R

#Eg R, EWESE LT A RIT:

1. HBEER. XN AREBREA 2R, Bottam@, Attt aE@m5use?

2, CERRKES . A JTIE I 2 BB, AR SO T ARG TARHERE 742

3. EELGEW. WHHERE. KRB IRETRIR R IR X e B B A s s
£,

4. BLT5iE. WHE—DREHEY . SFkmiE s seit, iU AR MRS 18 A AL

5. RIREAM. gt taE. WEREAT, Bok—ardt— Pk st 7o i B AR i il

AN 7T g 2 HEREAH 3 132, PR AREIE R Z 1A AOIR AR SR IT . 255 B 3 P (AR 40 2 BRI arXiv 1
HIRREZEMII, WSS TREAR; P S BORCE BE .



— PlEEIE R 521

DR ERBELR: MBENLFRRESCI SRR A, BRGSO E R, FHRN T2 I 2R i 4
SGD W Xsh 115

MIBIERZE . GiHRZESIRZE R, B SRR MEZ . Eifie RKHS, &ZFIH. fe
DI FRESE>], DASAZAE AT H AR s s f dn fr sz o o) 26 5 e . Ak S i s b — P 22 0
JE BT IR LL T TARGESEIR N

G AR, BB S5ZEY, USEEE— TR Statistical Learning #RFEF KL,

1. Zhang. Bengio. Hardt. Recht. Vinyals (2016) . Understanding deep learning
requires rethinking generalization.
FEtif s BENLPRZESLIR A R ARIERE /7, BRI A UK AL 25 B 1A% e BEAS 2 DA IR
PRz A

2. Chizat. Oyallon. Bach (2018) . On Lazy Training in Differentiable Programming.
L S GEar PG A I 21k, CLRAZ ISR S5 RIE 52 2] 2 A I8 5

3. Elliot Paquette. Courtney Paquette. Xiao. Pennington (2024) . 443 Phases of
Compute Optimal Neural Scaling Laws.
B AR, S EdE S BARE R e T E R B R, DU E. L
Mg 7 RHARFAIE o N A [ T2 Js A [) ) FASE X ]

4. Li. Chen. Huang. Wang. Wu (2025) . Functional Scaling Laws in Kernel Regression:
Loss Dynamics and Learning Rate Schedules.

PR EE e e A A TR 20 ) HEAN Y R A3 BN TE DA R 2 ) 2R AR P R 5] o

5. Chizat. Bach (2018) . On the Global Convergence of Gradient Descent for Over
parameterized Models using Optimal Transport.
FRIS T3 B )45 Bl B 25 (6] i) Wasserstein £650, HMEYIG 405 2R 1
W BR dnAn] 37 8 4= R U Bl s 18

6. Ben Arous. Gheissari. Jagannath (2022) . High dimensional limit theorems for SGD:
Effective dynamics and critical scaling.
PS5 @ K4S =R ODE 5 SDE R %IiE &4k SGD, = s BRI S DK T IR IZIE
W] SO R 115 5 5 ST A AL

7. Ren. Nichani. Wu. Lee (2025) . Emergence and scaling laws in SGD learning of
shallow neural networks.

D B e AT AN DR 27 > ek 1) RUBE ARy I R 5 B AU E e

8. Bordelon. Canatar. Pehlevan (2020) . Spectrum Dependent Learning Curves in
Kernel Regression and Wide Neural Networks.

DR EL e AU K H AR R BRI T 1) B T 3R R e 2 2T R 2R



https://2prime.github.io/teaching/2025-Statistical-Learning
https://arxiv.org/abs/1611.03530
https://arxiv.org/abs/1611.03530
https://arxiv.org/abs/1812.07956
https://arxiv.org/abs/2405.15074
https://arxiv.org/abs/2405.15074
https://arxiv.org/abs/2509.19189
https://arxiv.org/abs/2509.19189
https://arxiv.org/abs/1805.09545
https://arxiv.org/abs/1805.09545
https://arxiv.org/abs/2206.04030
https://arxiv.org/abs/2206.04030
https://arxiv.org/abs/2504.19983
https://arxiv.org/abs/2504.19983
https://proceedings.mlr.press/v119/bordelon20a.html
https://proceedings.mlr.press/v119/bordelon20a.html

T ZERRRIRLIIR? SINRE: 2 )5, FEAREARE. INZRPUE A & Hr] g /E R AR
2

— YRR

FlSey HOS R A0 ) 22 S 0 A s Ao A PR AS LR AR ARTd B AR A 55 T o TR 5 B TORE R xR ] 3
A BRI SRR 72 . BUE R ZEAURL T3 ABA R 22 20 A e S i A= pl 45 2R

Wasserstein %5 8] 558 E R £

FISEREZR: A Smftiniz, Wasserstein TS [a| R &g A2 5L, FH2EIEHEEE. JKO #Uf
TRFERL. JC @R AR Wi sh 1 RGN EFE S, B E I RFERE

EREAR: MERNE R SHEE. —F Wasserstein fRE. shanz AR Y, DU E B
() — A8 4y . DLIAT RO B RUE RS (1) Fokker Planck 77291, FRAR AR 23 (8 kL B 454
Poincaré. *i#{ Sobolev S#iiza N2, HE T Z . MIXHEIF Wasserstein P g U8,

9. Santambrogio (2016) . Euclidean, Metric, and Wasserstein Gradient Flows: an
overview.
Rt S MWKIK 2 (Al T Bk N 25105 Wasserstein =6, 2231 lfing . MiHs ™2
REEFERLS JKO 1% ARG REMATTEZ.

10. Benamou. Brenier (2000) . A computational fluid mechanics solution to the Monge
Kantorovich mass transfer problem.
JUfT IRt DO SR 5 FE A FE 3 Bl Be ik B e inis, 49340 2 18] 0 R 59 2 A o R AR AR AL 5
FRRMER S . W 5 Wasserstein M2k )% & .

11. Jordan. Kinderlehrer. Otto (1998) . The Variational Formulation of the Fokker
Planck Equation.
HgEE: DA HEEM Wasserstein Bi it JKO 280 B ik s, PR RER N i Fokker
Planck HFENMT AR o B S BEE =TT SRR R .

12. Otto. Villani (2000) . Generalization of an Inequality by Talagrand and Links with
the Logarithmic Sobolev Inequality.
HERY L BERAHNHE. Fisher /55 Wasserstein fEE Shia AR, LER % Sobolev A
SRR FEEG RIS AN A AL U S R 2% A

13. J78lbk (2023, BlEEER) . BEER: PR R ME 2 Ko
RS MRS R BGE T 3N Wasserstein #6577, BERES 725 Fokker Planck
Ji#%; Bl Santambrogio 5 JKO B, H8 JUA RSB A A8 TR ), LAA B e Ak dn
A KL F I8 3

TR [F— AR A AR B R ? REEZ 5 L& B REA? JKO A5
FEDRAL SR B B SE WA AR AR 7 RSN (] (U RE & T R, T30 0 SRR AT I iR 22 7


https://arxiv.org/abs/1609.03890
https://arxiv.org/abs/1609.03890
https://link.springer.com/article/10.1007/s002110050002
https://link.springer.com/article/10.1007/s002110050002
https://epubs.siam.org/doi/10.1137/S0036141096303359
https://epubs.siam.org/doi/10.1137/S0036141096303359
https://doi.org/10.1006/jfan.1999.3557
https://doi.org/10.1006/jfan.1999.3557
https://kexue.fm/archives/9660

KRS R R A

PIEBELR: AL A SR AR, Langevin ¥k H E#tk, FHAshE. Metropolis &£ 1E. IR
Ft5 Stein K177,

FERAZ: M RAE R I — LS R R 8 &, 222] Markov . A0, NS0T 508 7
P, AR 2 KL F1 Wasserstein i#%, E"%’%‘iﬂﬂl’]“ﬁi%%%?i‘ﬁ%*iﬂﬂﬁﬁﬁﬂ%ﬁ‘]ﬁ%o
I MR ERIIAL . B, BRBENNE. 2 RASRE R, LR, B ECKEE oracle i
FH AR

Langevin 3 % 5E#1

14. Sinho Chewi (2026 13%%) . Log Concave Sampling.

Fh S s 1. 2 ERIBEHUA . Markov KBE. witiinzg 5z A, Fiki sl
Langevin. Metropolis RIEFERFEG HEE; %L MR, THERE D,

15. Dalalyan (2014) . Theoretical guarantees for approximate sampling from smooth
and log concave densities.
RFEFRE 12 MIES: Langevin ¥ 8UH &, #5751 Langevin Monte Carlo HIeE#TiI iRz
Fty BRAIR G RZE S I TR B i 22 RO A6 1 Xt 2350 RORS FE MRS ) 2

16. Wibisono (2018) . Sampling as optimization in the space of measures: The Langevin
dynamics as a composite optimization problem.
JUFTS 5L 32 {8 Langevin Rl B2 a s ) E &40, 704 ULA B EUR 22 5 73 207
s W T B AR RIS AS [F) B SOk S AR A, R i P BR A AT S

17. Vempala. Wibisono (2019) . Rapid Convergence of the Unadjusted Langevin
Algorithm: Isoperimetry Suffices.
L F 1 7 AR EX 2 Sobolev AR K%L Hessian H 544+~ #1 ULA 1) KL %
7%, TR RENN; XS AU SRS B 2 1 e 22 T

WA D4 Hisvfl, iE4: Langevin 5EED K ULA (P07 2R S ? A E 5
%%&ﬁ%ﬁﬂﬁ IR R E IR AP ? Xﬁ& Sobolev &A1 EL st UMt fo vETEEe sy A, i B T S Sk
bR IREL?

ZE RIS RAE

18. Cheng. Chatterji. Bartlett. Jordan (2017) . Underdamped Langevin MCMC: A non
asymptotic analysis.
FESEW AT AR RN T, I EAR IR RBLE Langevin WSS Bl
s e St B iR A B AN B

19. Dwivedi. Yuansi Chen. Wainwright. Yu (2018) . Log concave sampling: Metropolis
Hastings algorithms are fast.
RIETEF B B Bz 5 4P IR0 Langevin #2UUOREE HFR 04, 04 MALA FEHE#TEIR &
) RERJRZ RGP AFAM, LR RO i -



https://chewisinho.github.io/main.pdf
https://arxiv.org/abs/1412.7392
https://arxiv.org/abs/1412.7392
https://arxiv.org/abs/1802.08089
https://arxiv.org/abs/1802.08089
https://arxiv.org/abs/1903.08568
https://arxiv.org/abs/1903.08568
https://arxiv.org/abs/1707.03663
https://arxiv.org/abs/1707.03663
https://arxiv.org/abs/1801.02309
https://arxiv.org/abs/1801.02309

20. Yin Tat Lee. Ruogqgi Shen. Kevin Tian (2020) . Structured Logconcave Sampling with
a Restricted Gaussian Oracle,
PR DUZBR S ACRAE oracle fiE im0, AL G H AR SGE RO B —IX
oracle AR WS, M2 K, PAEWERFERZUT A B E AR .

W IR B AR T AL, % T AR Y AR S AT ? A
JEALL score I, WIS T EAAM B 5 FAE IE RIAT 7

Stein KT EEHRER

LA BAE KT S A H AR A, R R A AR AL S W] o SRR T SRR Rk . A UL
TR, Langevin HBENEZ), AR FRRL T H R LR 2 .
21. Qiang Liu. Dilin Wang (2016) . Stein Variational Gradient Descent: A General
Purpose Bayesian Inference Algorithm.
KLF 555 A T KL 51540/ Stein [E55 S SVGD, Bf#EIZFIE score
TSR HE R, BARORE 5~ BOMIAZ A 98 0 A S AR H o
22, Qiang Liu (2017) . Stein Variational Gradient Descent as Gradient Flow.
Higkbss: WHFL SVGD B BB Stein 5735 R BRI UM X 70X — U S hrdE
Wasserstein #6Zi, e mRBR . A B 5 I U g5 S %A .
WIRRRR: E8 A Z K KL FEREE A RAL IR A A GRIIE? K72 A BAH R . e S s 4
B4, AnAAT S R AR o R AT ) B A 2

538 Rp4EE: i AM Ornstein Uhlenbeck 3 R4 A0 5 7 SR RE B 7 B a2 )
WS ] S e A BE A TB] AL FY) score. #2 Fok454 Song %511 SDE #E4t 5 (Sampling is as easy
as learning the score) , 4r# score flithizz . BFAIESEIL . Zom ) s bR B BT A5 (b dnfa) 3 (=] 52 e
A AT

BRI : FR & AT Santambrogio 5 JKO AT KFEHLS A H4E Dalalyan 5 Vempala.
Wibisono, K/ Langevin 5 MALA X dEF & vl ik #0 omKAF 8 SVGD. &IRFESZE—
@A —iE R e R, HRMERNE R, BREFRSH—T .

WgHER 52
BIRBRLR: MESEM IFA S B T, score REFIRREREMWMID, FRIGIHRMIE. %)
ERCALZ L.

Bifi# score matching WfT3Bo A f X Fe Ao R B iliih, DLRAS T fitl. BBULRERFE R Z Z 18] 1Y)
KFo FEBLFEA DT IRBR I I GRREA . I 2 2 AR A, EE i B I 8 B, IR T e
PR RRAE I3 3 AR o

23. Song % (2020) . Score Based Generative Modeling through Stochastic Differential
Equations.
Rt 1E1A 5 /0a SDE. score estimation, DAR Az s R i % 2N 1] 223k



https://arxiv.org/abs/2010.03106
https://arxiv.org/abs/2010.03106
https://arxiv.org/abs/1608.04471
https://arxiv.org/abs/1608.04471
https://arxiv.org/abs/1704.07520
https://arxiv.org/abs/2011.13456
https://arxiv.org/abs/2011.13456

24, 78k (2022, BREAAFEEERD AR BUEANE R (f) . —RHESE 2 SDE .
RS MEBEETIINME. I SDE 57343 ULEE, 1E N Song %5 SDE WX HIHES 478, GRS
B S IR TR 2058, HEMRRE S IR A8 A4 s BB I 18] AR AL Y score.

25. 78Mk (2022, BFEEAFEERD AR BUEANE IR ON) - —RHESZE 2 ODE .
b 5i%: # Fokker Planck J5 fEFEfEff i ODE, JfHt% DDIM. i+1itksHi score Fibrsy
BRI, PLEIXF— B NI AERE SDE 5 ODE MM A KA S E xR ZE M E .

26. Karras. Aittala. Aila. Laine (2022) . Elucidating the Design Space of Diffusion
Based Generative Models.
FEmbBE e B S, PR TISRE IIR B s S RS o, BRARAS [E) W TR B an el 52

27. #8MR (2023, Bl EEER) | ARY HE AR () - A E ODE KAE.
S M Euler. Heun 77N AMED g R fdss, 5 EDM XFHE.  ELEOHH [H] P 4518 H
BT R Z SR8 s B bR A 0 A e B )R] &34 i B FH R AL

28. Chen. Chewi. Li. Li. Salim. Zhang (2022) . Sampling is as easy as learning the
score: theory for diffusion models with minimal data assumptions.
W FiE: L2 score iz WAL iH AR i inZE, VANEEERE . IE AT S 8 e R R 2
HHIEH

29. FhilMk (2023, BlERMER) | ARS EERIBE (170 WHEE < B4 ITE,
S PR B G452 DUBC IR 25 %) Wasserstein 42 iR 2 EH], #14% (Sampling is
as easy as learning the score) . WHEIANFENRZEIENR, FHAZXFARBRE . HE Ao Am ol
FRE ST 264 o

30. Oko. Akiyama. Suzuki (2023) . Diffusion Models are Minimax Optimal Distribution
Estimators.
Rl BLE AN TEZA B R B MANS B AR EAE T, § B ol B2 minimax B A fli v

31. Biroli. Bonnaire. de Bortoli. Mézard (2024) . Dynamical Regimes of Diffusion
Models.

BelBEE A AR BGOSR TR AN E B 1 B, LRI S S5l 12 2 TR R .

32. Bonnaire. Urfin. Biroli. Mézard (2025) . Why Diffusion Models Don't Memorize: The
Role of Implicit Dynamical Reqularization in Training.
Rl SEEE A A SICIZ B A RN GRS 8] R, LIR30 712 i B s OE A AE H .

33. Farghly. Rebeschini. Deligiannidis. Doucet (2025) . Implicit Regularisation in
Diffusion Models: An Algorithm Dependent Generalisation Analysis.
R BLEE . score stability ffa4h AR Bz AL 04T, LLRCUINZR A0 A A 1) 1 DAk R U8



https://kexue.fm/archives/9209
https://kexue.fm/archives/9228
https://arxiv.org/abs/2206.00364
https://arxiv.org/abs/2206.00364
https://kexue.fm/archives/9881
https://arxiv.org/abs/2209.11215
https://arxiv.org/abs/2209.11215
https://kexue.fm/archives/9467
https://arxiv.org/abs/2303.01861
https://arxiv.org/abs/2303.01861
https://arxiv.org/abs/2402.18491
https://arxiv.org/abs/2402.18491
https://arxiv.org/abs/2505.17638
https://arxiv.org/abs/2505.17638
https://arxiv.org/abs/2507.03756
https://arxiv.org/abs/2507.03756

34. Ye. Zhu. Tao. Chen (2025) . Provable Separations between Memorization and
Generalization in Diffusion Models.

Pl E A WG ZGEIE N A, X7 Bk score 545 score )~ > XEE

WIRFERE: AR E G2 52467 BEERnT, N IX 2 IRk AR 7] 5 S e A= st 18], 35
Jit FH B S A R AR 8L

[]: Gl g e

P ERgLR: D3PM SiELZENf A /R Al KiE, MDLM 5 SEDD [ HbrpREL, BRI, bR

ey . Gt SRS 5] 5 R .

MOESE ] 5 /R A KA. 2 EL score Al score entropy #isk ik, BB B S &40tk B

EIHEBE SRR, PSR TH R,  PAREUE SRR IRAT A e v 8RN

35. Austin. Johnson. Ho. Tarlow. van den Berg (2021) . Structured Denoising
Diffusion Models in Discrete State Spaces.
FembBE s D3PM [ERAERE. WIKCIRES 5287 H br, B S80S 1) A anfe) & - gt 7

36. Campbell. Benton. De Bortoli. Rainforth. Deligiannidis. Doucet (2022) . A
Continuous Time Framework for Discrete Denoising Models.
PR F 1. HESEN 8] S /R RS — BB #, S I mIBERR . IR B bR SCRAE i R 2 R
ik

37. Sahoo % (2024) . Simple and Effective Masked Diffusion Language Models.
FefbBEs: MDLM wifef Ak i ey Bl 25 H bw, B H S siENiE 5 @R e g4, A H
Rao Blackwell fbF#EAG 115 % .

38. Lou. Meng. Ermon (2024) . Discrete Diffusion Modeling by Estimating the Ratios of
the Data Distribution.
Fuliiz: SEDD W% E IS4tk 5 score entropy %k H#x.

39. Ou % (2024 . Your Absorbing Discrete Diffusion Secretly Models the Conditional
Distributions of Clean Data.
Bel BLE AN WS HE) score 5T EUE A i 2 Rk R, AL ISR E S,

40. Ren. Chen. Zhu. Guo. Chen. Rotskoff. Tao. Ying (2025) . Fast Solvers for
Discrete Diffusion Models: Theory and Applications of High Order Algorithms.
Gl SEEE S E S ORI . RZE T, PLAAHFEIVHFE A FIRUR

41. Cho. Wu (2026) . Minimax Optimality of Score Entropy Discrete Diffusion.
Rl SEEE . BYAL score {1 AIGeTE A L ULEC ) B A, DA R IR AR RO A iR 2 AR B

42. Jeon. Vuong. Tao (2026) . VGB for Masked Diffusion Model: Efficient Test time
Scaling for Reward Satisfaction and Sample Editing.
PRl SR EE e IO UE RS 51 S A B BT SRR HE ) BIEADIRS I, B AR ALY S D SE B A i 5] &
HERAREARMEE, HONTIRAESS R ZE T E 4 LRI,



https://arxiv.org/abs/2511.03202
https://arxiv.org/abs/2511.03202
https://arxiv.org/abs/2107.03006
https://arxiv.org/abs/2107.03006
https://arxiv.org/abs/2205.14987
https://arxiv.org/abs/2205.14987
https://arxiv.org/abs/2406.07524
https://proceedings.mlr.press/v235/lou24a.html
https://proceedings.mlr.press/v235/lou24a.html
https://arxiv.org/abs/2406.03736
https://arxiv.org/abs/2406.03736
https://arxiv.org/abs/2502.00234
https://arxiv.org/abs/2502.00234
https://arxiv.org/abs/2608.20635
https://arxiv.org/abs/2606.28301
https://arxiv.org/abs/2606.28301

T SiibREAR S A SRR S A BT A e 2 LBORMEASIT , I T 2 T P
RIS IRIE T I 1) 75744 AR 052

HHEN 5| 2 ERT A

PiEBELR: 1 FAEL Doob h AZ#:, Feynman Kac RFiF4Z1E, FENERERIEEL 2 SMC,

WEFEaTIEL 51 5 EANALS ERAE, RPN SRy HOR R 26 AR AR R Al AL, DA Doob h ARk
Feynman Kac AXMBENIZHIONEETE, 2 Bir A, it RS SR EZ B HRKR.

43. Wu. Trippe. Naesseth. Blei. Cunningham (2023) . Practical and Asymptotically
Exact Conditional Sampling in Diffusion Models.

FemtpEsz: Twisted Diffusion Sampler W45 & &4 51 SR SMC, FFEHNEE IER R
I IR BB E S I ) B L AN TR R PR

44. Zhu. Ye. Liu. Wang. Chen (2026) . Training Free Adaptation of Diffusion Models
via Doob's h Transform.

i HE . Doob h pREIT AR H AR AT AL, LA A )3 S AL A ADUAR 12 1 5 - T o

45. Skreta % (2025) . Feynman Kac Correctors in Diffusion: Annealing, Guidance, and
Product of Experts.

PR s M H AR LA S AR SRR, BERIR K. guidance M1 AR

46. Chen. Ren. Min. Ying. Izzo (2025) . Solving Inverse Problems via Diffusion Based
Priors: An Approximation Free Ensemble Sampling Approach.

e 5 e 00 i A ) i BB S ISR 78R, DA SR R R ZE AR FRORE 7R 22

47. Ren. Gao. Ying. Rotskoff. Han (2025) . DriftLite: Lightweight Drift Control for
Inference Time Scaling of Diffusion Models.

PRl SR EE e OB A T HEE RS AR AL, DL A IR A IR m HE R RACR
48. Chenyang Wang. Weizhong Wang. Ren. Blanchet. Lu (2026) . Simple
Approximation and Derivative Free Inference Time Scaling for Diffusion Models via
Sequential Monte Carlo on Path Measures.
Rl SLE s R Girsanov AR i B Aa 2 A s B E, LT S SR FESEELY B 2 5
5, HHEEKAZEm SR E SMC FIEMm KR
WA ANFREEETEERE—NBER2? 5 FREWELLRZE . MR EBRZE S B RR 7R E
W[ X432 ELEEET TN score. 2l A S SRR A, I35 S0 AR S AT E R AL

= EEEA

MINZRERE IR RS SN A, DFFCTE SRR A A TR S0, SATHERE, (E RSN T 5,
PGB S ShE B R T o K mT R R o i e e Al 518 S R SRR L R R R, X r 3Rk RE
R 22231k BERMLRIAN e Tz AL -



https://arxiv.org/abs/2306.17775
https://arxiv.org/abs/2306.17775
https://arxiv.org/abs/2602.16198
https://arxiv.org/abs/2602.16198
https://arxiv.org/abs/2503.02819
https://arxiv.org/abs/2503.02819
https://arxiv.org/abs/2506.03979
https://arxiv.org/abs/2506.03979
https://arxiv.org/abs/2509.21655
https://arxiv.org/abs/2509.21655
https://arxiv.org/abs/2605.17850
https://arxiv.org/abs/2605.17850
https://arxiv.org/abs/2605.17850

49. F8kk (2021, FlF=EEE) . Transformer FH 42 #%. 2. R AER; U0 B bl .
SERFERIE T PR ROPE fnf AL EAH e, bk e I WAt AL E R (288 . S55 )
NFRIEREI SO 3T, SR AL E g an TR AR, DR AR B I RE K FEAMHESR A 4
W -

ks /12 5 iRtk

RISEREER: P E S )15, HIRFAR (S B4 SGD £ 2)nt ], 2| Transformer [1RE /)
TR IS [0 5 BT A R SR

R B BIIENGZER] T4, DUSRAFIEAT TSR a0 T BE VI ZR I . S8 I JZE I 48 5 B AR s A 2 >
RN ZRsh e 8eE TR, 15 Transformer HJIZRILGRIHL MRS . (5852 B 0 X 2% 5 2
BNAERC, IGRI AR B T8, DL S5 F R 7 5 H R

PR R SRR

e TR EAE R T, PAS BI04 e 25 (1 5. B S0ie T 143% PDE.
Wasserstein B AR % EikE SHEME M, nT5%—% % Chizat. Bach WEfifnz 54
SRS TAE AR

50. Mei. Montanari. Nguyen (2018) . A Mean Field View of the Landscape of Two
Layers Neural Networks.
it WHEMLZ SGD HEFSHAL M HIAE4E PDE,  BEART- 3537 B anfeT OR B AR 2% 2
s VARSI A 23 BT 6 A A 142

51. Rotskoff. Vanden Eijnden (2018) . Trainability and Accuracy of Neural Networks: An
Interacting Particle System Approach.
HARE T KPS MO EAE R, I ORHEUE A S O IR BR e B P38 1 A R
FEikvE A SGD Mejs, HiHe g Sl ZRRZER KR,

52. Sirignano. Spiliopoulos (2018) . Mean Field Analysis of Neural Networks: A Law of
Large Numbers.,
WEIRIESE: FEMIZE 58 5 I SRS RBELFEIG KR, IEUSHA %N RISz 4E4:M: PDE:;
AR GGUER . AR PR T R A — e VR AR R R B R L

TR Tl IR EERE AR SEA SRR A BRI 8] P A 22 36 B8, n o] 5 ek 1)
RN A R R ARVEIR 2R 7 TERE L VIR 8] 5 5 A R BR A2 75 7T LAAS e ?
BRI ER 5E B

£ single index BRI,  H AR ANFEARENTT F) BRI AR . 2 SV A KU AR 55 0 ST 1) RO AH 5%
PERS, information exponent Zii HAE A RAL ENIEF BN $. d1taHr SGD MFEENLYIL
ST T T I E], JF454 Hermite JRIFLWE(GE 5 BIEME S SHEARJE .



https://kexue.fm/archives/8265
https://arxiv.org/abs/1804.06561
https://arxiv.org/abs/1804.06561
https://arxiv.org/abs/1805.00915
https://arxiv.org/abs/1805.00915
https://arxiv.org/abs/1805.01053
https://arxiv.org/abs/1805.01053

53. Ben Arous. Gheissari. Jagannath (2020) . Online stochastic gradient descent on
non convex losses from high dimensional inference.
Hg . #E AR E NG T A RUE S, i EL SGD & 255K E K R M B
SREE TR B, ARREA S AR FE0HE B R B A

54. Bietti. Bruna. Sanford. Song (2022) . Learning Single Index Models with Shallow
Neural Networks.,
HARE B AR TT 1A SRERCRR B AR AN, R JE P 4 AR IE i R R A ) BRARRR A A s BRARDLAL
T SN S G- PRIE 2 A TR R .

55. Damian. Nichani. Ge. Lee (2023) . Smoothing the Landscape Boosts the Signal for
SGD: Optimal Sample Complexity for Learning Single Index Models.
HESHW . PR SCE ALY T IR FEE R LL, 4R/ IEEL SGD H5HX %
THEM N Rz RS BIaE. TR SREARE R,

56. Damian. Pillaud Vivien. Lee. Bruna (2024) . Computational Statistical Gaps in
Gaussian Single Index Models.
HER L. X4 information exponent 5 generative exponent, FEfFFREEAR et {i] 7 55 A
s S, ARG AW ARIR 2 BAHELE R iR S gt 2R .
PHgREE: 5B R B R A Sk, BT S T AR R Hermite rank? “Pig . JEZ&MHEAR
PN KR B W T OB T R S 5 7 LR 0 FERS, BIBIRELE R SRR H . OSSR anaEss:
PR LRSS BB U AR T

Transformer K53 1% 588 1T

57. Kumar. Bordelon. Gershman. Pehlevan (2023) . Grokking as the Transition from
Lazy to Rich Training Dynamics.
BUBI 2 78 AT P8 Al R MR B 400 & B AE 5 S I 2o 72, BRAEVIARRHE S B ARG XT
F5 RRAIE A S R An el s B IRV 4K

58. Zhang. Frei. Bartlett (2023) . Trained Transformers Learn Linear Models In Context

HIg B TR AMEE R TN B EE, RIS S aa A T A R sk, I EEIZR
A E R S0 5 B T A R A A AR L RO U

59. Nichani. Damian. Lee (2024) . How Transformers Learn Causal Structure with
Gradient Descent.
PRIR . BRI R AR AT g 1A e R ) AR S, IR i AL BEAN S A TR AU
Transformer 2z ]38 £ R R 2544 5 VA 9 Sk (ML .

60. Singh. Chan. Moskovitz. Grant. Saxe. Hill (2023) . The Transient Nature of
Emergent In Context Learning in Transformers.
SOEAN R FEABUES TR E T XA S SHA IS, BERINGIAFS: TN ICL 6t
JI AT Re e ML PRV 2K, DS AR an ] el 38 X — i

10


https://arxiv.org/abs/2003.10409
https://arxiv.org/abs/2003.10409
https://arxiv.org/abs/2210.15651
https://arxiv.org/abs/2210.15651
https://arxiv.org/abs/2305.10633
https://arxiv.org/abs/2305.10633
https://arxiv.org/abs/2403.05529
https://arxiv.org/abs/2403.05529
https://arxiv.org/abs/2310.06110
https://arxiv.org/abs/2310.06110
https://arxiv.org/abs/2306.09927
https://arxiv.org/abs/2306.09927
https://arxiv.org/abs/2402.14735
https://arxiv.org/abs/2402.14735
https://arxiv.org/abs/2311.08360
https://arxiv.org/abs/2311.08360

Looped Transformer &3+ E 5HHE

IR EE M FE—A Transformer Bk, iLRARESZE L ER, UMASEILE, GR0RESERE
ERIRR. REEEZL M Universal Transformer FIfEM &t &, S@mngwmisitEs Lress], it
ANNGRSER S P AR . X2 SER A N G 18] -5 — YR R TS5 B4 PRI [a]
FeHg X — L5 J5 T Y R SO S AHEER T X

61. Dehghani. Gouws. Vinyals. Uszkoreit. Kaiser (2018) . Universal Transformers.

FRtp i VWA ESHOF R E EH P AIRR, SINIGALE B E R EALH] BEAROE A S5 H 1
DIRE, ASFALS PR AL

62. Giannou. Rajput. Sohn. Kangwook Lee. Jason D. Lee. Papailiopoulos (2023) .
Looped Transformers as Programmable Computers.
FILRE N T W RSN E SRS, LEEEHIES Transformer $UTHEF 51548
s RVETH RS FIER R B AT gmi, DA R AZAA S 5 I GhnT S PR PR

63. Yang. Lee. Nowak. Papailiopoulos (2023) . Looped Transformers are Better at
Learning Learning Algorithms.
SGOEFEE: E BT XEIEMEES S, SRR RGO E MR EENR T 1T s RS
B, EHRE SR ZE, FEEER MR 7] EEHAT I E R

64. Gatmiry. Saunshi. Reddi. Jegelka. Kumar (2024) . Can Looped Transformers
Learn to Implement Multi step Gradient Descent for In context Learning?.
WIS F 3. ARt R 580638 Transformer WE T, SRS 4 R AR fE s
Z TR R RE T s B A PR S B S AR R o BE VRSO BH B A R A R R 4

65. Saunshi. Dikkala. Zhiyuan Li. Kumar. Reddi (2025) . Reasoning with Latent
Thoughts: On the Power of Looped Transformers.
IS5 5 WRSHESHRORERHEEPIER, RSP A SR AR IR AT 55 AL FUUE 4 5
PIREE s R RBUT FR A TAE A, FRihRHE RIS 1012 N Z AR &R .

66. Geiping. McLeish. Jain. Kirchenbauer. Singh % (2025) . Scaling up Test Time
Compute with Latent Reasoning: A Recurrent Depth Approach.
SCUEFE B B EIMERAE R A S B, A HEBE TR A O S ORI ORISR B
INRBCRAE BT S m) A% AN HEBR IS 1) B G B A 0k, DA SIS I A IR B AL 2 5 AR

R SRR ATIN GRT E EPTRI S, TN SEOR B RSURL? Wil <5 S 80 02
. RSB S IIR Y WO U T2 I WZR K TR RUE S5 2 LB i 51
DRBAGN, BN ROIZHR . B, TR SER,

MERBEERL: VIZI6 A S Gatmiry %, JF15 Yang SF0ScRat I M T A A R
Saunshi %, Jf5 Geiping %I BUHISKIO IR, JUARTIEIH TAAILG RIS RISR IR, Atk
B SR T

11


https://arxiv.org/abs/1807.03819
https://arxiv.org/abs/2301.13196
https://arxiv.org/abs/2311.12424
https://arxiv.org/abs/2311.12424
https://arxiv.org/abs/2410.08292
https://arxiv.org/abs/2410.08292
https://arxiv.org/abs/2502.17416
https://arxiv.org/abs/2502.17416
https://arxiv.org/abs/2502.05171
https://arxiv.org/abs/2502.05171

BB -5 B R AR

67. Elhage. Nanda. Olsson % (2021 #{R3 %) . A Mathematical Framework for
Transformer Circuits.
MEZERN 7. IR ZERL. QK 5 OV [BIEE ik = kA& ik, @058 Transformer P55
BURIFIREAIE T, NJE 2A993% 5 (R B% o A (S5

68. Olsson. Elhage. Nanda % (2022) . In Context Learning and Induction Heads.

WU B3 BRERASRAE N G IR S LS BRSO I B IR R &, BN R A 5 A 7Y
o R PR RAIE 8 A RS F (YR SR TIE R

69. Nanda. Chan. Lieberum. Smith. Steinhardt (2023) . Progress measures for
grokking via mechanistic interpretability.
ML 152 FEBUIEAESS R0 Fourier [A1i%, @iy ARE ol BEFR bR 02 RIS T A S
BN BE, AR Re SR AR TS IS I L

70. Bricken. Templeton. Batson. Chen. Jermyn %Z§ (2023 iR &%) . Towards
Monosemanticity: Decomposing Language Models With Dictionary Learning.
FRUE T R RN 78 . AT B SmhD 28 0 i 22 XA T0, 45 AR AESS T B e vl R4S AE . EEM )R
EHBERITNZHH KR
IS RERR: YA R R ] B AERERE /1 AR BB 2 FR B — MR R & 1k BURrE, §E
EHIEIE AT S WLGIE ZAT 42 SHGHL. BOE B AT 100 B Re s At A UEdE ? fERILAT 55 H il
SIIALE B8 LA B3 KRG 5 A 2
BRI : 1] H S IR IR 5 A TR N 15 EFa4S SGD # &K [H. grokking [FFHiE 215

IR IR AR 5 RENE . HPERM SR S ZREe, BURMBAHIE SR R EIFH AR F—F
A — e OB L] BAT BRI TS RE T AN SE TR

EPEI SRR

BBk Lk UUrHETiRRe SR SE, ERSRBIE I ENE, BRI, BYgERERIAREN . 28
BEPRAS L5 SR AR SE

FE 58 PN AH ELIC SR I ) REZH 24 B 1. Transformer Bl Y B R SCSEIl A 21 5052 M 4esE . R
B YCRFE, WAL T SERE 0 5 IR T il TR NI X 2 RIBRE T INZRAT S I MER ez AL Ok
Wi

71. Xie. Raghunathan. Liang. Ma (2021) . An Explanation of In context Learning as
Implicit Bayesian Inference.
BT fERR SR ARG BT, PRI RSO Ve AE L& e bR Sy 2) 3Ry DL S HE B
; RUE AT RIS

72. Garg. Tsipras. Liang. Valiant (2022) . What Can Transformers Learn In Context? A
Case Study of Simple Function Classes.
SAIFFERL: EANMERRE. AR R B A T AR 5 AR I B R S S, ST SRR G T T EE A
R SRERHESE o

12


https://transformer-circuits.pub/2021/framework/index.html
https://transformer-circuits.pub/2021/framework/index.html
https://arxiv.org/abs/2209.11895
https://arxiv.org/abs/2301.05217
https://arxiv.org/abs/2301.05217
https://transformer-circuits.pub/2023/monosemantic-features/index.html
https://transformer-circuits.pub/2023/monosemantic-features/index.html
https://arxiv.org/abs/2111.02080
https://arxiv.org/abs/2111.02080
https://arxiv.org/abs/2208.01066
https://arxiv.org/abs/2208.01066

73. Akylrek. Schuurmans. Andreas. Ma. Zhou (2022) . What learning algorithm is in
context learning? Investigations with linear models.
i 55280 . Transformer SCEUERRE T FF S50& BIHAIRE, DURREE . M s A58 BE o a] 520
I S5 BT B A A 11 2%

74. von Oswald £ (2022) . Transformers learn in context by gradient descent.

i GMEER IS RIEME RN X R AR MG YIRS 2L 1 S5 IE s
Je—f% Transformer 5L,

75. 7806k (2025, RIS | LEERE I L MG B BRI .
T NIRRT EANEZ 7 >] . TTT 5 DeltaNet, A& bR OB T REIRSC
G, ELEUSFE S E B PIRES . Looped Transformer #YIRFEHIFEIR, AR I SRR 2 508 5
Wt B AR & .

76. Bai. Chen. Wang. Xiong. Mei (2023) . Transformers as Statisticians: Provable In
Context Learning with In Context Algorithm Selection.

Bl i Song Mei 485¢ T LR ICASEIIGE T2 SISk SNEIEEE SO B G T ORIE A AT

77. Feng. Zhang. Gu. Ye. He. Wang (2023) . Towards Revealing the Mystery behind
Chain of Thought: A Theoretical Perspective.

Bl L E A BOAR. HREMZISMAMES ) CoT B, ki it it 58 2 E k.
78. Merrill. Sabharwal (2023) . The Expressive Power of Transformers with Chain of

Thought.
Rl sEEE A William Merrill 2500 Z ) im B 4esE K 51 R RIEE I Z BIFIR A,

79. Li. Liu. Zhou. Ma (2024) . Chain of Thought Empowers Transformers to Solve
Inherently Serial Problems.

BEEE . Zhiyuan Li S0 MR AT TS A EEARRE CoT RIMEMT, DASGIRIE . FERE S K RIBU

80. Chen. Raventdés. Cheng. Ganguli. Druckmann (2025) . Rethinking Fine Tuning
when Scaling Test Time Compute: Limiting Confidence Improves Mathematical
Reasoning.

P E A IR EbrYS pass@N MIA—E, DA R B AE FE Wfar S0 22 R FE U & -

81. Du. Li. Torralba. Tenenbaum. Mordatch (2023) . Improving Factuality and
Reasoning in Language Models through Multiagent Debate.
SAEE T AU SR 5 SR, B RE . HEE RN REZH, FF e
A RS B IE PR

82. Halder. Banerjee. Pehlevan (2026) . Jailbreak Scaling Laws for Large Language
Models: Polynomial Exponential Crossover.
BILE s ANFEBEEZAT T, REFRES IR IR R, PRGBS R an ] g B AR 5 R 1) AR
1k

13


https://arxiv.org/abs/2211.15661
https://arxiv.org/abs/2211.15661
https://arxiv.org/abs/2212.07677
https://kexue.fm/archives/11033
https://arxiv.org/abs/2306.04637
https://arxiv.org/abs/2306.04637
https://arxiv.org/abs/2305.15408
https://arxiv.org/abs/2305.15408
https://arxiv.org/abs/2310.07923
https://arxiv.org/abs/2310.07923
https://arxiv.org/abs/2402.12875
https://arxiv.org/abs/2402.12875
https://arxiv.org/abs/2502.07154
https://arxiv.org/abs/2502.07154
https://arxiv.org/abs/2502.07154
https://arxiv.org/abs/2305.14325
https://arxiv.org/abs/2305.14325
https://arxiv.org/abs/2603.11331
https://arxiv.org/abs/2603.11331

83. El & (2026) . Physics of Agents: Statistical Mechanics Predicts Collective Behavior
of Al Agents.
PSR EE N AR A R . AR SREAER R, RS S e,

WRERE: fAE—NREAT VLR Transformer, #E 8BS SE PRI ZRAT BIX AN AL AT T LE (] R 2 [ 7€ il
BT, SEACPAIRIEREE . M N o e BN SO BOAIE A5 70 T AR DA DRI 2

HEEMNY R E5RE

M Best of N ik, HEIELARAE. TFEIIERs . MER [RIITA A 51 5245 K% . Dylan J. Foster ¢

GEER TAERUE SR KR ZE S HEE L PR T IR ) B 3 — 2D %0 7 51 A&

iR 2 5 E % . Dean Foster 251 (Mind the Gap) #4E 5 Il b %4 5 IR I8 5 R

VAl §ii

84. Maddison. Tarlow. Minka (2014) . A* Sampling.
Higthse: Gumbel 2 RAEFEMCNBENLR AL, UL A b IRE) 48 R EFES BIERIFEA; 1)
WZ VR R B SR g TR,

85. Snell. Lee. Xu. Kumar (2024) . Scaling LLM Test Time Compute Optimally can be
More Effective than Scaling Model Parameters.
TSR ) RBUHE T A s 4 R N RS IE AR R, DA T N B G X 2 SEE6 A
RACELE 5P RICTE.

86. Lightman % (2023) . Let's Verify Step by Step.
SESER: IR PR S S TS O R B BRI s PR A TAREE AR, %
%S SRR

87. Huang. Block. Liu. Jiang. Krishnamurthy. Dylan J. Foster (2025) . Is Best of N
the Best of Them? Coverage, Scaling, and Optimality in Inference Time Alignment.
PREE . B R G IRARZ PR #] Best of Ny JE4RFE B RN, K HAEW &M
T 3 G B SRR 0 T IR AL B PRAE

88. Rohatgi. Shetty. Saless. Li. Moitra. Risteski. Dylan J. Foster (2025) . Taming
Imperfect Process Verifiers: A Sampling Perspective on Backtracking.
PRl SR EE e I FRISIE RS IR A SR A R O, DA B8 AL A RE 28 [m] 3 2 ] o508 o iR 22
FRE=g =

89. Zhao. Brekelmans. Makhzani. Grosse (2024) . Probabilistic Inference in Language
Models via Twisted Sequential Monte Carlo.
IR 5REEFE: twist MBI TEARSRAMEIE 51 SRFRAE, SRS B 5T el
THFI AR Z PPN B R

14


https://arxiv.org/abs/2608.16578
https://arxiv.org/abs/2608.16578
https://arxiv.org/abs/1411.0030
https://arxiv.org/abs/2408.03314
https://arxiv.org/abs/2408.03314
https://arxiv.org/abs/2305.20050
https://arxiv.org/abs/2503.21878
https://arxiv.org/abs/2503.21878
https://arxiv.org/abs/2510.03149
https://arxiv.org/abs/2510.03149
https://arxiv.org/abs/2404.17546
https://arxiv.org/abs/2404.17546

90. Golowich. Chen. Rohatgi. Singhal. Domingo Enrich. Dylan J. Foster.
Krishnamurthy (2026) . Reject, Resample, Repeat: Understanding Parallel Reasoning
in Language Model Inference.

Do SR i AKRLFURI A BT FRATHERR A O I 5 FR A, LU SMC BydEdn iR 22 . Hikduf SR
Tty FENNERCRAE IR 2 5 A R IEMRZE I X .

91. Zhu. Lu (2026) . On the Power of (Approximate) Reward Models for Inference Time

Scaling.

PS5 DB AL R Bellman iz SMC HEBE P REE, 40 i 22 b HE A B 45 /Ny

» VSRR FE AR 2 A 1 2
e REAR: oI EH AR EEE AN 15 pass@N, &R mm &Ik A RIHERR . LRI
TP SR SR RA; Sk o8 vr 22 2 M B T B IO, DARCA BR300, FEAAH G
A RAL () 5200

JEVIZRAELR

PiEBELR: InstructGPT (sifrifife, RLHF. DPO 5 IPO, Fif#7 a2 A,k fELIREE
RLVR ¥RFE TR AN

BN 2 RSB . (AP AL BRI T 15 Rt . RO IR O SRR B 43 A
TSN IR 7 HE I 2R U A5 R IR P B BB 02 R AR R 251 X
BEFEAH 4 2 F o T o 52 17

Dean Foster ] {Mind the Gap) #1 Dylan J. Foster X &1FE#%& % T sharpening. coverage 5
exploration &5 TAE, R AERRMEEMIHS FINSRM R EL. DL w2, B3RSk,
WREGHEBZ A=A T ML, GEfim il & — R £ 30, FSAHEK TAER

iF# X5 LR

92. Ouyang % (2022) . Training language models to follow instructions with human
feedback.
SRl INStructGPT rh SFT. SRHHUM 54 AL e B A2, AR 4E RLHF BGHRAtsChr
] AN 5

93. Zhu. Jordan. Jiao (2023) . Principled Reinforcement Learning with Human
Feedback from Pairwise or K wise Comparisons.
FEMHB B ARG S i U AR YR, BRI AG TR 22 AT A% 6 3 SR 5T &, DA AR WAl T AN
7 S B TR

94. Rafailov. Sharma. Mitchell. Ermon. Manning. Finn (2023) . Direct Preference
Optimization: Your Language Model is Secretly a Reward Model.
Fentifa . KL IEML N 25 s SR ¢ R, LA DPO Hik fIHES:  hd ek H bR &
HEMRFEA . AR AL 18] 12 5 o

15


https://arxiv.org/abs/2603.07887
https://arxiv.org/abs/2603.07887
https://arxiv.org/abs/2602.01381
https://arxiv.org/abs/2602.01381
https://arxiv.org/abs/2203.02155
https://arxiv.org/abs/2203.02155
https://proceedings.mlr.press/v202/zhu23f.html
https://proceedings.mlr.press/v202/zhu23f.html
https://arxiv.org/abs/2305.18290
https://arxiv.org/abs/2305.18290

95. Azar. Rowland. Piot. Guo. Calandriello. Valko. Munos (2023) . A General
Theoretical Paradigm to Understand Learning from Human Preferences.
HwFiE: WPO Mgt —mif Hiss IPO, 2 H1 Mk f i 21 br 5 22 ol i) AR AR %, BL A RLHF Al
DPO W& 1L v /@l

96. Huang. Zhan. Xie. Lee. Sun. Krishnamurthy. Dylan J. Foster (2024) . Correcting
the Mythos of KL Regularization: Direct Alignment without Overoptimization via Chi
Squared Preference Optimization.

BURL I AT KL IE M T AT RECIE P B4 Fr T IR E AR AL, LU X2 TENUAL. ABMLEU 5
FWETE o SR A AR &R

THR R AR: i i PN AE A A 75 AL DLORIE SRS SF 2 MAINZR AT A [0 e 22 il X3S il TR Z2 A 4ok 2
DPO 5 XPO HIPRIEZ MM A i i . pRBER S a2 12

Mg B i 5 B REGE

97. Song. Zhang. Eisenach. Kakade. Dean Foster. Ghai (2024) . Mind the Gap:
Examining the Self Improvement Capabilities of Large Language Models.
BB E s AR RS IR UERE /) 2 8] ) 22 B AT o B IREOE AR A, PAR BRI SRR E AL, 2K
TR IR B 2R s X B 2 A0 5 0 T TN SRR [ S 36 L 8%

98. Huang. Block. Dylan J. Foster. Rohatgi. Zhang. Simchowitz. Ash. Krishnamurthy
(2024) . Self Improvement in Language Models: The Sharpening Mechanism.
Pel e EE s O TR T A A R iR S B # N sharpening, Z0#t SFT 5 RLHF & FRaudt rff
KEIREE, DA RAELIR R BRI YIG6 78 55 Z 1) K

99. Chen. Huang. Golowich. Malladi. Block. Ash. Krishnamurthy. Dylan J. Foster (
2025) . The Coverage Principle: How Pre Training Enables Post Training.
Do SR s T — 1] PO G e (2 et L [l B ) 7 i, 7 2 FE N AT AT g B AZ SRS B B 500 5 )1 5 5
Best of N FUZUR, DARAHNZ AV T BB BORT B2 20% FE At o

PR RIRE: 0T E XOIFEAGTHE 55 3R AE ISR 22 2 2 UCRFFS BRI B I 4 R AR, 14 TH4

FRAC? AN ) J b () 4 AT S HE R 0 R Rz AL, G0 R R 5 ?

ELRR REXI 5HERL

100. Rafailov. Hejna. Park. Finn (2024) . From r to Q*: Your Language Model is
Secretly a Q Function.
Mg FE k. 75 DPO JiElw Tt MDP, Bf#Ek Q %, Bellman X &, EH AL SHEH
MR Z TR 2R

101. Xie. Dylan J. Foster. Krishnamurthy. Rosset. Awadallah. Rakhlin (2024) .
Exploratory Preference Optimization: Harnessing Implicit Q* Approximation for
Sample Efficient RLHF.

(e E f: DPO 5 Q* &L R, XPO MIHRZ AL s L mir 2 2], LA RFEARRZ 450
Jr 7 (AR R KA

16


https://arxiv.org/abs/2310.12036
https://arxiv.org/abs/2310.12036
https://arxiv.org/abs/2407.13399
https://arxiv.org/abs/2407.13399
https://arxiv.org/abs/2407.13399
https://arxiv.org/abs/2412.02674
https://arxiv.org/abs/2412.02674
https://arxiv.org/abs/2412.01951
https://arxiv.org/abs/2510.15020
https://arxiv.org/abs/2404.12358
https://arxiv.org/abs/2404.12358
https://arxiv.org/abs/2405.21046
https://arxiv.org/abs/2405.21046

102. Dylan J. Foster. Mhammedi. Rohatgi (2025) . Is a Good Foundation Necessary for
Efficient Reinforcement Learning? The Computational Role of the Base Model in
Exploration.
el . fEKAE oracle 541 softmax HESE R, 7 a5 ZE XIS4T i [ FNRE AR 5 % B2 AN [R AR
, PLI SpannerSampling 5Z %R MHHH I .

103. Rajaraman. Huang. Dudik. Schapire. Dylan J. Foster. Krishnamurthy (2026) .
Learning to Reason with Curriculum I: Provable Benefits of Autocurriculum.
Do SR A AR AT RE ) B G MR SRR &, CERERRR SFT MIRTu@skE RL MITHESAS:
BRI B R (P s A U [l BUM B i i 2% A
104. Rajaraman. Huang. Dudik. Schapire. Dylan J. Foster. Krishnamurthy (2026) .
Learning to Reason with Curriculum II: Compositional Generalization.
BB R AR AL T EA R, RS G T e e PR B, R RLVR X%
2T HI 78 o5 BRI R 8 F R
105. DeepSeek AI % (2025) . DeepSeek R1: Incentivizing Reasoning Capability in LLMs
via Reinforcement Learning.
STUEHEA: PR E SRS B ash. Z2MBOIGE M, 8 RLVR BRIk 7 BRI IS
s AEIEAE RS Y R e 8 E B
106. Wen % (2025) . Reinforcement Learning with Verifiable Rewards Implicitly
Incentivizes Correct Reasoning in Base LLMs.
FNFEG I g5 AL e A R AL R T BRI ERHEEE, GRPO HIIZ:3) /1%, LUK pass@K 5
[ I 4G A e ] 2B B CoT pass@K i 4h i A [ BEAf -
PHg R KRR T A, N TR ER R S AR ? FEAR S /N R TR B SR T 5
FRL? R ) B R BRI R . (SR ISR A Bl v oA e E AT AT SS . IIRFEA L
1) it 55 S e v S Rz AL
AR : 7 DPO 5 xPO. Mind the Gap 5 Sharpening. Coverage Principle 5 Best of N
. XPO HmEAIERZ . Autocurriculum I 5 II dfFit—4H. BHABES— DGR, HF460A
MR B F AR RIS, Sl E IR .

VY o2 28 5 H0dE B AR e 1
BRI G O EL, ORI ARE,  FEAr IS4 (BRI 5 MR S 4

BREGR HHRE SRR

eI AR I e AU SCRE IR, P T R . IR RIS 0 BB FR G e = A ] o3 b R A A
o DERT XAy PI2REE 18 KT YRR S IR e 1, DL T W28 BEATLIE L 1 4 O BR
107. Hestness % (2017) . Deep Learning Scaling is Predictable, Empirically.
FERbBE e BE R AAFEES PEPEE . BB SZRZEN IR, AR /NS
TR B AL I

17


https://arxiv.org/abs/2503.07453
https://arxiv.org/abs/2503.07453
https://arxiv.org/abs/2503.07453
https://arxiv.org/abs/2603.18325
https://arxiv.org/abs/2606.27721
https://arxiv.org/abs/2501.12948
https://arxiv.org/abs/2501.12948
https://arxiv.org/abs/2506.14245
https://arxiv.org/abs/2506.14245
https://arxiv.org/abs/1712.00409

108. Kaplan £ (2020) . Scaling Laws for Neural Language Models.
B BRSHL ISR SR E A 3L E s E R AR .

109. Hoffmann % (2022) . Training Compute Optimal Large Language Models.
BRI EREETTEWE T, Ao B R RS S U 2R .

110. Bahri. Dyer. Kaplan. Lee. Sharma (2021) . Explaining Neural Scaling Laws.
WA X977 22 RGP 2RI, Bzl Bl im e A ARSI Rtk HUAR
AL 25 H R FE A

111. Maloney. Roberts. Sully (2022) . A Solvable Model of Neural Scaling Laws.

BER B 7R AT AR S LRI Y i HE R B B SR RS UBUE T, iSRS
REVELAT o

112, Mufan Li (2026 #f X . Lecture Notes on Neural Network Scaling Limits.

Gl : 3 2 TR 38 4 BARE 2] 5P, B AUEEREE 5. 6 TINIRE L 5E AR L
SDE R

113. Zhang. Morwani. Vyas. Wu. Zou. Ghai. Dean Foster. Kakade (2024) . How
Does Ciritical Batch Size Scale in Pre training?.
e S E e I S RN ] i b S A AR AR A, DA R TG PR A 19X 2% AR e /)N - e 70 ] it e s
OREE; X RCR 5 S BRl 2R TA]

114. Cont. Rossier. Xu (2022) . Asymptotic Analysis of Deep Residual Networks.

B UIZRa B ARG R Rk 22 M 4 m) ODE. SDE BHARMRIR, I Hir B
W5 I AL EN T IR LR R

HR/ATGHE BREF B SN e

WE B 2 AN R R ] S 2 ST, RS KREAR IS 1 T —1al 40 A i s ORI & s 1 2
R . B THE: BET MEIE AT G v TR e A, DA DT N R o e o W B R B
POR

115. Shannon (1951) . Prediction and Entropy of Printed English.
FERt i LTRSS THE S H S UA, R E T CKERER.

116. Scheibner. Smith. Bialek (2025) . Large lanquage models and the entropy of
English.
PRl SR EE e R FE S AR SRR K KRR N LB B R SO B AR AL .

117. Cagnetta. Raventds. Ganguli. Wyart (2026) . Deriving Neural Scaling Laws from
the statistics of natural language.
PRl SR EE e FH A JCAE S MR RN S A A B T e, T HE A2 BR A T R AR e R R AL

118. Zucchet. Lee. Linderman (2026) . Language models suffer from a curse of
ambiqguity.
Gl SEEE e N I AR BB A S R R R R B A RUR PR R

18


https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2203.15556
https://arxiv.org/abs/2102.06701
https://arxiv.org/abs/2210.16859
https://arxiv.org/abs/2410.21676
https://arxiv.org/abs/2410.21676
https://arxiv.org/abs/2212.08199
https://www.princeton.edu/~wbialek/rome/refs/shannon_51.pdf
https://arxiv.org/abs/2512.24969
https://arxiv.org/abs/2512.24969
https://arxiv.org/abs/2602.07488
https://arxiv.org/abs/2602.07488
https://arxiv.org/abs/2608.15448
https://arxiv.org/abs/2608.15448

119. Li % (2024) . DataComp LM: In search of the next generation of training sets for
language models.
SEAERN 7S AR HII GRS v B U AR ZE vh LU BB TR e AN L 5, e B0 i & SO 1) 2
ERM RE. FaE0L 2 EH X H

120. Dohmatob. Feng. Yang. Charton. Kempe (2024) . A Tale of Tails: Model Collapse
as a Change of Scaling Laws.
Rl BLE AT A R R R A T fE, R E S AR T 8 7 an el BEAR BRI 2R R AR AR A

T RAR: BRI . BE SRR SRR A X 5 ? SR S EWRERE? Bk a6 7 R

i, Mgy —il&E i S R e?

T MM

Bik#£k: Adafactor S4HFETIZME, HF| SOAP. Muon. 4k JUA. el B 5 % B 46 i
MEERETZEAE . JERR LR LRI % S50tk ik, Bf# Shampoo. SOAP. Muon Zflifb#s. =4
ECBCEATM I BE S5 A . R RSk AT S SBR IR, T 1827 21 Fan{nT [ I 2% 56 2 AR 4K
FEANF UL A) IR
121. Shazeer. Stern (2018) . Adafactor: Adaptive Learning Rates with Sublinear
Memory Cost.
FEMHG . WMIAT IS R P AL, IR ST S HUEN R 5 Shampoo.
SOAP [ 45 K M FH 77 200 it
122, Gupta. Koren. Singer (2018) . Shampoo: Preconditioned Stochastic Tensor
Optimization.
FEAhb e PR KESM TR T, UMM EITHE . ARS8 i
123. Vyas % (2024) . SOAP: Improving and Stabilizing Shampoo using Adam.
BRlBLE A FETIARAFAE PERFAE S TR Adam LS, DL TSR A BT AR (520
124. Keller Jordan (2024 iR #&) . Muon: An optimizer for hidden layers in neural
networks.
Bl se: Muon [PHERESE R AT LS SR 4G 1T Eh AL
125. 78Mk (2024, BHEZAEE) . Muon (A as SHT: M ) e B R ) A 5
R MRETE R R 1 EOE T R 7 A Muon, BX&R SVD. Newton Schulz izfilh
Shampoo. Et& Muon JRAASCE KPR SC, Wikdiim. B, shE R 5 Senfrdt
[F] 4 5 S o BT o
126. Liu % (2025) . Muon is Scalable for LLM Training.
BBLE . Muon 37 & BB YNGRt R 2808 58T RUSE 5 SERR it R

19


https://arxiv.org/abs/2406.11794
https://arxiv.org/abs/2406.11794
https://arxiv.org/abs/2402.07043
https://arxiv.org/abs/2402.07043
https://arxiv.org/abs/1804.04235
https://arxiv.org/abs/1804.04235
https://arxiv.org/abs/1802.09568
https://arxiv.org/abs/1802.09568
https://arxiv.org/abs/2409.11321
https://kellerjordan.github.io/posts/muon/
https://kellerjordan.github.io/posts/muon/
https://kexue.fm/archives/10592
https://arxiv.org/abs/2502.16982

127. Soudry. Hoffer. Nacson. Gunasekar. Srebro (2017) . The Implicit Bias of
Gradient Descent on Separable Data.
BB E B RN B SRR, BT By i s K IAIRE J7 ) IR AL LA
fa IR 5z 1k

128. Xie. Wang. Wu. Li (2025) . A Tale of Two Geometries: Adaptive Optimizers and
Non Euclidean Descent.
DL E s HIE N A% d i R B AR ) v 1 R BEATL T 22 2% A

129. Yang % (2022) . Tensor Programs V: Tuning Large Neural Networks via Zero Shot
Hyperparameter Transfer.
AT uP A S MG r) AR SR R A B

130. 7r8ltk (2025, FBIEEAAEIERD . mP MuP: 5 i B 5 ) B R S84
OO T DB B ISR R R E . R 5 WEN KR, B4A Tensor
Programs V FUERES 70800 B 3. HE IS AR R EEA R, Adam Sl S R Al 2%
fF, JRIRZR S VU 73 1 5 FE AR B -

131. Xu. Li. Lu (2026) . On the Width Scaling of Neural Optimizers Under Matrix
Operator Norms I: Row/Column Normalization and Hyperparameter Transfer,
DL E s FERESLIOH AT AR N 2% 52 5 S5 AL AT TG R W SR AR TS 2 ) R R ATk b
—TA R,

WRRERE: LR, Rmsh] Vi E R RIS AR ? TR IR S S

o 5 ) AR AR 2 2 FRAT RS 2 1A 3 i R A R R 2

20


https://arxiv.org/abs/1710.10345
https://arxiv.org/abs/1710.10345
https://arxiv.org/abs/2511.20584
https://arxiv.org/abs/2511.20584
https://arxiv.org/abs/2203.03466
https://arxiv.org/abs/2203.03466
https://kexue.fm/archives/10795
https://arxiv.org/abs/2603.09952
https://arxiv.org/abs/2603.09952

